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ABSTRACT 
 
In this study a modified artificial bee colony algorithm and the cooperative-swarm variant 
of particle swarm optimization were applied to minimize diesel engine emissions and fuel 
consumption in the laboratory at medium load conditions. Tests were conducted using No. 2 
diesel fuel in a four-cylinder, production diesel engine with series turbochargers and a high-
pressure exhaust gas recirculation loop. Emissions were recorded at steady-state conditions and 
input into custom scripts in Matlab. 
Both triple-injection strategies, consisting of a pilot-main-post injection scheme, and 
quadruple-injection strategies, using two pilots, were investigated for a high exhaust gas 
recirculation rate of 38%. A two-factor design of experiments study was also completed to 
examine the individual and interaction effects of six variables when using three injections. The 
modified artificial bee colony algorithm achieved 40% reductions in soot and nitric oxide 
emissions within 176 engine runs using a triple injection schedule with six variables. The 
cooperative-particle swarm method optimized an eight variable, quadruple injection schedule in 
only 84 engine tests. Cooperative-particle swarm algorithm was unable to find a similar optimum 
to artificial bee colony in triple injection experiments and appeared to stagnate.  
A longer burn time was observed with the quadruple injections which also displayed 
decreased maximum cylinder pressures, maximum cylinder pressure rise rates, and fuel 
consumption results. Triple injections were able to achieve lower nitric oxide emissions. 
Optimized triple and quadruple injection schedules called for similar centers of combustion early 
in the expansion stroke resulting in similar hydrocarbon, soot, and carbon monoxide emissions. 
Results of the design of experiments testing illustrated the strong effect of main injection timing 
xi 
and fuel pressure on all aspects of the objective function. Limited effects were observed from 
interaction terms, except in the case of carbon monoxide and hydrocarbons. 
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CHAPTER 1 INTRODUCTION 
 
1.1 Motivation 
  Despite various commitments from both advanced and developing nations, worldwide 
emissions of CO2 are predicted to increase under the New Policies scenario of the IEA in the 
2018 World Energy Outlook. Developing economies will rely on the combustion of coal and oil 
to produce increasing amounts of electricity and heat while sustaining increased transportation of 
people and goods. Under the New Policies scenario, global CO2 emissions from transportation 
increase from approximately 8 to 10 gigatonnes annually; remaining second to electric power 
generation in CO2 output [1]. 
 As an evenly dispersed greenhouse gas, CO2 traps radiative heat that would have 
otherwise been reflected toward space. Increasing amounts of CO2 in the atmosphere from the 
combustion of fossil fuels has been linked by scientists around the globe to increasing surface 
temperatures and ocean acidification. The potential effects of increased surface temperature 
include, but are not limited to, sea level rise, increased frequency of droughts and severe weather 
events. Feedbacks from increased temperatures include the release of methane from melting 
permafrost and an increase in the amount of water vapor. Both methane and water vapor are 
greenhouse gases [2]. 
 In addition to CO2, combustion of fossil fuels can generate NOx, PM, CO and HC 
emissions. CO emissions inhibit the body’s ability to absorb oxygen while NOx emissions react 
with sunlight to produce harmful tropospheric ozone. Inhalation of HC and PM emissions 
increases long-term respiratory health risks. In the year 2016, long-term exposure to PM 
emissions was responsible for 4.1 million global deaths [3].  
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 Globally, diesel engines are the prime movers for heavy and light duty transport owing to 
their high efficiency. Diesel engines are also widely utilized for peaking electric power 
generation and small aircraft. However, the stratified combustion in diesel engines produces 
large amounts of PM and NOx emissions. Stringent emissions regulations in developed 
economies require new diesel engines to employ extensive exhaust gas aftertreatment systems. 
Some urban centers in the European Union have even legislated bans on diesel engines to take 
effect within the next two decades [1]. Cost effective methods are needed to reduce diesel engine 
emissions while maintaining fuel conversion efficiency. 
1.2 Objective 
Modern diesel engines meet stringent emissions regulations through a combination of in-
cylinder and aftertreatment controls. Due to the high costs associated with engine aftertreatment, 
this dissertation focuses on in-cylinder combustion control methods that simultaneously reduce 
PM and NOx emissions from a production diesel engine. Modern diesel engines employ a wide 
array of fuel injection, EGR, and valve timing controls to both cool and mix the in-cylinder 
gases. New technologies are consistently arising which increase the amount of electronic control 
over the gas exchange, compression ratio, and boosting processes for maximum power or 
efficiency on demand. Some recent, commercially available technologies include, but are not 
limited to, VVT, VCR and VVA. Each of these, rely on signals from the human operator and 
ultimately the ECU to alter the engine cycle dynamics. The ECU is programmed with an 
operational map to respond based on emissions, fuel consumption, and other possible criteria. 
Extensive engine testing is required to build these operational maps which become more 
complex as engine components become increasingly variable by design. 
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Testing each combination of variables in a full parametric study at various load and speed 
conditions can quickly become expensive and time consuming. Direct application of stochastic 
optimization algorithms in place of parametric studies can allow for the total number of tests to 
be greatly reduced while also potentially shedding light on previously unseen operating points of 
interest. Heuristics developed for diesel engine testing can easily be applied to other engine types 
and cycles. Well-developed optimization algorithms could be run autonomously, potentially 
allowing future ECU’s to optimize operating parameters on the job site. 
Outside of the cylinder, emissions of incomplete combustion, such as CO, HC and PM, 
can be treated with the DPF and DOC, while NOx emissions require reduction in an SCR system 
or LNT. The SCR system requires dosing of DEF while the LNT requires increased fuel 
consumption to regenerate [4]. In order to minimize the consumption of additional fluids, a 
combustion strategy that minimizes engine-out NOx is examined through the utilization of 
massive EGR. The objective of this work was to develop triple and quadruple fuel injection 
strategies using ABC and CPSO algorithms that simultaneously reduce PM and NOx emissions 
while maintaining low fuel consumption. A second objective was to evaluate the performance of 
CPSO and ABC algorithms in optimizing a large number of engine operating parameters. The 
parameters involved in triple injections are further examined in a DOE study. 
Chapter 2 will examine diesel engine combustion control technologies and strategies to 
simultaneously decrease NOx and PM emissions. Chapter 2 will also examine the various 
methodologies and advantages in applying algorithms such as GA, PSO and ABC to diesel 
engine optimization. Chapter 3 explains the selection process for candidate algorithms and 
describes the engine test cell and related equipment in detail. The methodology in applying 
CPSO, ABC, and DOE to the fuel injection variables is also discussed. Chapter 4 gives a 
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complete analysis of the results from both triple and quadruple injection optimization 
experiments. The two injection strategies are compared as well as the experimental performance 
of the CPSO and ABC algorithms. Finally, in chapter 4, the results of a triple injection DOE 
study are also examined and compared with that of the optimization. Chapter 5 summarizes the 
key results together and provides suggestions for future work. 
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CHAPTER 2 LITERATURE REVIEW 
 
2.1 Diesel Engine Emissions Control 
Traditional diesel combustion 
 CI engines have a higher efficiency than SI engines due their ability to operate without a 
throttle body, under lean conditions, and at higher compression ratios. In a traditional CI engine, 
fuel is not introduced until late in the compression stroke. Diesel fuel, with a lower autoignition 
temperature than gasoline, is injected, quickly vaporizes and burns. The late introduction of fuel 
in a diesel engine brings with it a two-stage heat release. As the liquid fuel spray enters the 
cylinder, it entrains air. This premixed portion of fuel burns first and is followed by a standing 
diffusion flame for the remaining duration of the injection. Within the standing diffusion flame, 
hydrocarbons undergo heating in the absence of oxygen, forming soot (PM) while around the 
flame periphery lean combustion produces high temperatures, leading to the formation of NOx 
[5].  
 The formation of NO in the cylinder can be described using the extended Zeldovich 
mechanism given by equations 2.1-2.3 [6]. Of the reaction equations 2.1 and 2.2, proposed by 
Zeldovich in 1946, equation 2.2 has the highest forward rate [7]. Equation 2.3 was proposed by 
Lavoie et al. in 1970 [8]. High temperatures are required to produce non-negligible amounts of 
NO in the timescale of an engine cycle. In the forward direction of equation 2.4, NO reacts to 
with a radical species forming NO2 [9]. 
2O N NO N+ +   (2.1) 
2N O NO O+ +    (2.2) 
6 
N OH NO H+ +    (2.3) 
2 2NO HO NO OH+ +   (2.4) 
 Because of the late introduction of fuel, diesel engines are run lean to minimize soot 
emissions and maintain combustion efficiency. The standard catalytic converter used with SI 
engines requires near stoichiometric operation to oxidize CO and HC while at the same time 
promoting reduction reactions to mitigate NOx. Therefore, diesel engines require a more 
sophisticated aftertreatment system if emissions requirements cannot be met in the cylinder. 
Diesel engine aftertreatment 
 Due to the late injection of fuel and lean conditions of traditional diesel combustion, CO 
and HC emissions are typically lower relative to SI engines. The primary pollutant emissions 
from a diesel engine are PM and NOx. The DOC oxidizes any CO and HC emissions while the 
DPF downstream captures PM [9]. The DPF is regenerated passively using exhaust heat and 
oxygen in the lean diesel exhaust or actively with late fuel injections (post injections) to drive up 
exhaust gas temperature [10] .  
 In modern CI engines, NOx is most commonly handled using SCR. Figure 2.1 gives a 
diagram detailing the chemistry and layout of a general SCR system. In the SCR system, DEF, 
which consists of a mixture of Urea and water is dosed by the ECU using feedback from a NOx 
sensor upstream of the SCR. Within the SCR urea is decomposed releasing the reducing agent, 
ammonia. Any remaining ammonia is oxidized in the AOC downstream. The SCR system is 
reliable; however, it increases the cost and complexity of the engine package while requiring the 
end user to monitor and periodically refill an additional engine fluid. If NOx emissions 
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requirements can be met in the cylinder while keeping engine-out PM low, the amount of DEF 
needed can be minimized.  
 
Figure 2.1: State-of-the-art diesel engine after treatment system consisting of oxidation, 
hydrolysis and reduction catalysts 
 
 As an alternative to SCR, a lean NOx trap (LNT) can also be employed to capture 
engine-out NOx. But the trap eventually becomes saturated and requires periodic regeneration. 
Similar to the three-way catalyst used with SI engines the LNT uses CO, H2, and HC emissions 
to reduce NOx in the trap. In order to produce these emissions, the engine must be purposely run 
with too much fuel. This produces additional soot emissions and increases the fuel consumption 
[4]. 
Low temperature combustion (LTC) 
 LTC combustion strategies focus on keeping cylinder temperatures below 2000 K while 
carefully controlling the local equivalence ratio to avoid soot. LTC requires a careful balance of 
cooling (NOx) and mixing strategies (PM) [11]. EGR systems, which are described below, 
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provide a large amount of cooling while fuel injection pressure and timing are used to reduce 
PM. 
Exhaust gas recirculation (EGR) 
 EGR systems force a portion of exhaust gases to mix with the incoming fresh air before 
entering the engine cylinder. The high specific heat of CO2 reduces peak engine temperatures 
and NOx emissions. As EGR rate is increased, the amount of fresh air flow to the cylinder can be 
reduced without intake boosting, which will result in increased PM emissions. High pressure 
EGR systems can employ a small VGT to produce controllable exhaust manifold back pressure. 
As back pressure on the exhaust manifold is increased, the turbocharger can maintain increased 
boost pressure on the compressor side. The addition of an EGR throttling valve allows for a 
controllable air-fuel ratio under a wide range of EGR. Variable amounts of EGR cooling can be 
employed to reduce the volume of the recirculated exhaust. A drawback to high pressure EGR is 
increased fuel consumption at high levels of dilution owing to the high amounts of backpressure 
in the exhaust manifold [12]. For operation with high amounts of EGR, advanced fuel injection 
strategies are required to keep local equivalence ratios and soot emissions low [11].  
Biodiesel 
 Biofuel feedstocks consume CO2 from the air as they grow. Relative to traditional fossil 
fuels, the use of biofuels produces substantially fewer net CO2 emissions [13]. Due to their 
oxygen content, biofuels have reduced heating values relative to their fossil fuel counterparts 
while generally producing fewer emissions of incomplete combustion [9]. 
 Soot emissions are greatly reduced with biodiesel; however, NOx emissions are higher 
relative to regular diesel fuel. A universally accepted, single reason for increased NOx emissions 
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when fueling with biodiesel has yet to be determined. Reasons for increased NOx emissions 
include, but are not limited to, reduced radiative heat transfer (less soot), increased cetane 
number and the oxygen content of the fuel. Work from Sandia labs revealed that the autoignition 
zone is comparatively leaner with biodiesel blends, resulting in potentially higher peak 
combustion temperatures [14]. 
Fuel injection pressure and timing 
 Direct injection engines require increased fuel pressures to ensure adequate premixing of 
the injected fuel. Modern DI diesel engines employ a gear driven fuel pump which feeds a 
common rail used by each injector. As rail pressure is increased, more fresh air is entrained by 
the fuel jet resulting in increased liquid fuel evaporation, a faster burn and the opportunity to 
increase engine power density [15]. Large soot reductions can be accomplished due to the higher 
combustion temperatures which may also increase NOx emissions [16].  
 Recent studies with ultra-high fuel injection pressures in multi-cylinder engines [17], 
[18], have shown decreasing amounts of soot reduction with fuel injection pressures greater than 
200 MPa. At medium load conditions and high EGR, a four-cylinder engine operating with fuel 
pressures greater than 250 MPa displayed negligible reductions in soot emissions for injection 
timings at and after TDC. Due to the increased temperatures near TDC, a large NOx penalty was 
still observed with late injection timings [18]. For the same fuel pressure, retarding injection 
timing results in additional premixing owing to increased ignition delay with the lower 
temperatures of the expansion stroke. Simultaneous soot and NOx emissions reductions with late 
injection timings come at the expense of increased break specific fuel consumption (BSFC) as 
combustion is moved later into the expansion stroke. 
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 As a side-effect of strategies to reduce NOx and PM emissions, CO and HC emissions, 
which are also subject to government regulation, can increase. Both injection pressure and timing 
can affect the HC emissions by controlling the amount of fuel that is mixed beyond the 
flammability limit. HC emissions tend to decrease with injection pressure as the fast burn 
produces heat which widens the fuels flammability limit. Increased ignition delay with late fuel 
injection increases the distance between the standing diffusion flame and the injector tip. By 
increasing this distance, the radial volume of fuel that can become overlean increases. The 
amount EGR present in the cylinder will also play a role in determining at what radius fuel 
becomes overlean [19]. On the opposite side of the spectrum, experiments with diesel engines 
operating at high levels of EGR show CO emissions are a product under-mixed or fuel rich 
regions [20]. 
Single and double pilot injections 
 Modern engines employ common rail fuel systems and high-speed injectors capable of 
injecting fuel at multiple discrete points in the engine cycle. Pilot injections occur prior-to and 
are smaller than the main injection. Pilot injections which occur very near the main injection are 
referred to as close-coupled pilots. If a close-coupled pilot injection is large enough, the main 
injection will occur during the diffusion burn of the pilot (diffusive interaction). Diffusive 
interaction minimizes the pre-mixed burn of the larger main injection fuel, resulting in decreased 
pressure rise rates, lower engine-out noise and decreased NOx emissions [21]. Combustion of 
close-coupled pilot fuel produces pressure waves which counteract those of main injection 
combustion, decreasing engine-out noise [22]. As the pilot fuel quantity is increased, less oxygen 
is available for main injection combustion, resulting in a proportional increase in PM [23].  
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 Early pilot injections allow for some premixing to occur before the main injection in a 
variety of PCCI strategies. However, as load is increased, the combustion of increasing amounts 
of pilot fuel can be difficult to control and liquid fuel can begin to wet the cylinder wall which 
can be detrimental to lubrication. Large amounts of fuel burning before TDC can be detrimental 
to BSFC and additionally NOx emission reduction, if the total fuel charge has not been premixed 
to avoid large amounts of mixture stratification. Under high levels of dilution, double pilot 
injections allow for some premixing while also decreasing pressure rise rates through increased 
interaction with the main injection [24]. 
Post injections 
 Post injections occur after and are smaller than the main injection. Small post injections 
that occur near TDC, increase the burn rate of main injection fuel, resulting in decreased soot 
emissions [25]. Post injections near TDC are advantageous to maintain fuel conversion 
efficiency [26] in contrast to late posts used for active DPF regeneration and additional soot 
reduction. Closed-coupled post injections can dramatically reduce engine-out PM with the use of 
EGR rates of up to 44%. 
  In a recent post injection study at ISU, results indicated that post injections offer 
improved soot reduction to that of ultra-high injection pressures when applying massive EGR. 
The use of post injections at medium load conditions can reduce engine-out soot by up to a factor 
of two allowing for the use of decreased fuel injection pressures. By improving the fuel 
conversion efficiency, close-coupled post injections can reduce the engine BSFC for operation 
with high EGR [18]. 
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Duel fuel strategies 
 Additional injections can also be comprised of a separate fuel and injected directly or 
through a port in the intake manifold. Due to its high volatility and resistance to auto-ignition 
(low reactivity), gasoline can be injected early to premix with charge air. Lighter hydrocarbons, 
such as gasoline and E85, are less likely to impinge the cylinder wall as a liquid. In RCCI modes, 
a high reactivity (low resistance to auto-ignition) fuel is injected before combustion of the low 
reactivity fuel begins. The amount of low reactivity fuel injected controls the reactivity of the 
overall fuel charge and combustion phasing. RCCI offers improved combustion control with 
increasing load compared with HCCI and PCCI modes. The large amount of premixing in RCCI 
eliminates much of the stratification that leads to high soot and NOx in traditional diesel 
combustion while also increasing the efficiency with combustion occurring near TDC. Research 
into RCCI is ongoing to optimize fuel injection timing, fuel blending, and boosting with load and 
speed [27]. 
2.2 Design of Experiments 
 Design of experiments (DOE) refers to the process of determining, with some statistical 
confidence, the relationships between inputs and outputs for a given apparatus or process. Design 
levels describe the resolution of the testing to be conducted. A two-level factorial design only 
looks at maximum and minimum values of each variable while additional levels (three, four, 
etc.) examine an increasing number of points within the experimental bounds. By testing every 
combination of variables in a full-factorial design, the individual and interaction effects of the 
inputs can be examined at the expense of experimental time. Equation 2.5 gives the number of 
experiments (Ne) required for a full factorial DOE where L is the level or discretization of the 
input knob and D is the number of variables or dimension of the problem. For example, a two-
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level full factorial design with six variables will take 64 tests if each experiment is to only be run 
once. A two-level design can be useful in determining which variables have the greatest effect on 
each output. Increasing the level of the design (L) allows for a more accurate model of the 
process to be produced within the experimental bounds [28].  
D
eN L=  (2.5) 
 Response surface method (RSM) can be used with DOE to fit a model to experimental 
data. Equation 2.6 shows a general form of the two-level RSM equation for a system with three 
control variables (X1, X2, and X3) and predicted response ˆ.Y  A, B, C, AB, BA, and AC are the 
individual and interaction effects and take on values of plus or minus one. The average of all 
experimental runs is represented by η [28], [29]. In practice, it is common for engine 
experimentalists to combine DOE with RSM to optimize performance. After performing an 
initial set of experiments, an appropriate form of equation 2.6 is fit and differentiated. The 
steepest decent path is than followed to new operating regime and the process repeats. After 
some repetitions, when the gradient approaches zero, at the least, a local minimum in the design 
space has been found [30]. 
1 2 3 1 2 2 3 1 3
ˆ
2 2 2 2 2 2
A B C AB BC AC
Y X X X X X X X X X= + + + + + +   (2.6) 
2.3 Stochastic Multi-Objective Optimization 
 The following algorithms model processes seen in nature to solve a vast array of real-
world problems. In contrast to descent algorithms, evolutionary algorithms do not require 
derivative information to solve a problem. This is a large advantage when the function 
derivatives are complicated or cannot be solved for analytically. Each algorithm begins 
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stochastically, using the problem bounds to generate a random group of initiate solutions as 
shown in equation 2.7. When using the following algorithms, convergence is generally said to 
occur when the objective function does not change by a factor of epsilon for a previously 
determined number of iterations. This condition implies that the algorithm has reached, at least, a 
local minima region where it can no longer improve the solution. The common tuning and 
geometric variables used in current engine optimization literature are shown in Table 2.1. Tuning 
variables do not require hardware changes and thus can be optimized both experimentally and 
through simulation. Some variables that can be optimized regardless of engine displacement are 
given but not limited to those found in Table 2.1. 
[0,1]( )i LB UB LBSolution X Rand X X= + −         (2.7) 
Table 2.1: Typical Engine Optimization Variables 
Tuning Variables  Geometric Variables 
Main SOI Injector Spray Angle 
Pilot SOI Number of Injector Holes 
Pilot Fuel Quantity Injector Flow Rate  
Pilot 2 SOI Intake Runner Geometry 
Pilot 2 Fuel Quantity Piston Bowl Depth 
Post SOI Piston Bowl Center Height 
Post Fuel Quantity Compression Ratio 
Fuel Injection Pressure Bore 
EGR Rate Stroke 
Intake Temperature   
IVC   
EVO   
Swirl Actuator Position   
Air-Fuel Ratio   
Spark Timing (if 
applicable)   
Throttle Position   
Engine Speed   
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Genetic algorithm 
 Genetic algorithm works to solve a given problem by modeling natural evolution. GA 
exhibits crossover, mutation and selection. Given a family of solution vectors, only the most fit, 
are selected to become parents. New solution vectors are produced through the crossover of traits 
from both parent solutions. Lastly, each new child solution exhibits a mutation from their parents 
[31].  
 Various forms of GA have been applied extensively to numerical engine and combustion 
models. In [32], Ge, Shi, and Reitz apply GA to optimize piston bowl geometry, injector nozzle 
design, swirl ratio, and start of injection (SOI) to minimize soot, NOx, and fuel consumption on a 
heavy-duty diesel engine. In a later study by Lee et al., injection pressure is added to the 
beforementioned variable list [33]. Both studies require many iterations to converge to an 
optimal or pareto set of designs. In another study, GA is used with GT power engine simulation 
software to minimize Atkinson cycle fuel consumption. GA is used to determine air-fuel ratio, 
EGR rate, spark timing, IVC and EVO. To minimize the computational time, multiple computer 
cores were used to handle up to 70 individual solution vectors in each iteration of GA [34]. 
 Small population GA’s, or µGA’s have been employed with live engine experiments. The 
population size refers to the number of solutions participating in each iteration. A single cylinder 
heavy-duty Caterpillar diesel engine was modified to run autonomously using emissions and fuel 
consumption feedbacks to improve its own performance. Multiple objectives were optimized 
using an objective or merit function which was developed through extensive simulation studies. 
Experiments were also carried out using RSM optimization. Both the RSM and µGA process 
arrived at similar optimal operating conditions with the µGA improving performance in just over 
half the trials of the RSM process [30]. 
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Basic particle swarm optimization 
 Particle swarm optimization solves a problem by modeling the behavior of animals that 
travel in swarms such as fish or birds [35]. Each particle has a position which represents the 
solution vector and a velocity which represents how the solution will change in each new 
iteration. Equations 2.8 and 2.9 show the representative equations for PSO. A particle’s velocity 
(V) is determined by both the leader (best solution) and the particles personal best. The constants 
C1 and C2 determine to what degree each solution will follow its personal best or the leader. The 
velocity is controlled using the momentum constant w and a maximum velocity (Vmax). In 
contrast to GA, PSO can be a much more exploitive rather than explorative algorithm. If C2 is set 
very large relative to C1, the particles will quickly cluster toward the current global best solution 
rather than explore other parts of the design space. The flowchart for the BPSO is shown in 
Figure 2.2. 
 Basic PSO (BPSO) has been used in both simulation and experimental engine testing. In 
[36], PSO is used to maximize power and first law efficiency while minimizing the irreversibility 
parameter of a numerically modeled Stirling engine. In [37], PSO is applied successfully to 
modify a double fuel injection strategy and the EGR rate of a four-cylinder diesel engine to 
reduce fuel consumption, soot and NOx emissions. In [38], Karra and Kong use BPSO to 
optimize both double and single fuel injection strategies. In both [37] and [38], less than 70 
engine tests were required for the PSO algorithm to converge. 
1 1i i iX X V+ += +   (2.8) 
1 1 1 2 2( ) ( )i i best i best iV wV C R P X C R G X+ = + − + −    (2.9) 
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PSO-GA hybrid 
 PSO and GA can be combined to exploit the explorative nature of GA and the 
exploitation of PSO. In [39], PSO and GA are carried out sequentially in each iteration of the 
hybrid algorithm to minimize biodiesel emissions and fuel consumption. In the experimental 
study the performance of the hybrid algorithm is compared to that of GA. Both algorithms 
converge to similar operating points, however, the exploitive nature of PSO caused the hybrid 
algorithm to converge to the optimum regime quicker. The hybrid and GA algorithms converged 
in 48 and 80 engine runs respectively while the speed of the hybrid allowed for further 
exploration of the optimum space and improved fitness over the GA. The optimized parameters 
from the study are given in Table 2.2. High levels of EGR and fuel pressure coupled with a late 
main injection are needed at the part-load condition to mitigate soot and NOx emissions. The 
pilot and main injection are close-coupled. Comparing the initial and final test results, NOx and 
Soot were reduced by 13% and 38% respectively. Biodiesel can handle increased rates of EGR 
due to its oxygen content, while at the same time producing increased NOx emissions 
comparatively to regular diesel fuel. 
Table 2.2: Optimized double injection parameters from PSO-GA engine optimization study 
Algorithm 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Fuel 
Ratio. 
(%) 
Fuel 
Pressure 
(MPa) 
EGR 
Rate 
(%) 
Basic GA -3.11 2.06 41.7 172 49 
PSO-GA -3.10 1.81 44.9 174 50 
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Figure 2.2: BPSO flowchart 
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Cooperative-swarm PSO 
 Cooperative swarm PSO is used to increase the convergence rate for high dimensional 
problems. Rather than using a single swarm of particles, K sub-swarms are assigned to one or 
more problem variables. Each sub-swarm searches a smaller area of the search space with each 
having its own best solution. The aim of CPSO is to make the search more efficient by 
eliminating potential steps away from the optimum. Interrelated variables are assigned to the 
same subswarm. The context vector, shown by equation 2.10, describes the position of each 
particle and is comprised of the global best parameters from each sub-swarm. The context vector 
is used by all subswarms to grade the fitness of member particles. 
 CPSO has one large flaw in its inability to ‘hill climb’. Only the best particle from each 
subswarm can contribute to the context vector and those best particles are only replaced when 
they improve. If a solution space has multiple local minimum points, CPSO can get trapped. A 
solution to this issue is the use of hybrid CPSO. In each iteration of HCPSO, both CPSO and 
BPSO are applied sequentially [40]. The CPSO and HCPSO algorithms used in this study were 
developed by Van den Bergh and Engelbrecht and are shown in flowchart form in Figures 2.3 
and 2.4. In section 3.4, CPSO and HCPSO are benchmark tested with various numbers of 
subswarms (K values). 
( 1) ( 2) ( 3) ( 4), , ,context S S S SX Gbest Gbest Gbest Gbest=  (2.10) 
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Figure 2.3: CPSO flowchart 
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Figure 2.4: HCPSO flowchart 
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Artificial bee colony optimization 
 Artificial bee colony (ABC) algorithm, developed by Dervis Karaboga, mimics the way 
bees find, develop and eventually abandon food sources. Workers, onlookers and scouts work 
together to feed the hive. The algorithm defines solution vectors as food sources and incorporates 
3 phases [41].  
 The basic algorithm is simple in that it only has three controlling parameters which 
include Limit, MCN and Colony Size. The number of employed bees and onlooker bees are equal 
and is called the Food Number which is analogous to population size in PSO or GA. The Colony 
Size is equal to the sum of employed and onlooker bees. The maximum cycle number (MCN) 
determines the maximum number of iterations the algorithm will complete. The Limit parameter 
controls the number of times a food source can be tested without improvement before it is 
abandoned and replaced using equation 2.7. For the same number of iterations, ABC has been 
shown to perform comparably or better than PSO and GA in minimizing a large array of standard 
benchmark functions [42].  
 The first phase of the algorithm is the employed bee phase. In this phase, one 
characteristic of each food source is modified based on a randomly chosen neighboring food 
source as shown in equation 2.11. In the second phase (onlooker bee) of the algorithm, food 
sources are selected for modification based on a fitness derived probability. The best food 
sources are more likely to be chosen than others.  
 Equation 2.11 has been modified in the onlooker bee phase for this project, based on [43] 
to drive the algorithm to the global best (Yj) solution using equation 2.12. This has been shown to 
improve the convergence speed which is a key challenge with ABC [44], [45], [46]. The constant 
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wij is a random number in the interval [0, C] and determines the influence of the global best 
solution. Setting C equal to 1.5 greatly improves the performance of the algorithm to that of 
basic ABC [43]. In both the employed and onlooker bee phases the modified food source 
generated is tested and only remembered if the fitness improved. The scout bee phase is the last 
in each iteration and is called only if a food source has reached the Limit value given by equation 
2.13 where the number of foods is equal to half the Colony Size and D is the dimension of the 
problem. Only one scout is allowed per iteration in basic ABC. Figure 2.5 is the flowchart for the 
modified ABC algorithm. 
( )ij ij ij ij kjV x x x= + −   (2.11) 
( ) ( )ij ij ij ij kj ij j ijV x x x y x= + − + −   (2.12) 
(# )( )Limit Foods D=   (2.13) 
 ABC algorithm was used for the first time in engine optimization by Qiang et al. on a 
Tier-2, four-cylinder diesel engine operating at medium load with No. 2 diesel fuel. Food sources 
specified EGR level, main injection timing, pilot offset, pilot fuel quantity and intake manifold 
temperature. The effect of intake manifold temperature small relative to injection timing and 
EGR rate. A small Colony Size and MCN were used to reduce the total number of experiments. 
 Using an objective function to grade each solution, the algorithm reduced engine-out 
NOx emissions by 77% using only 65 engine runs. Table 2.3 lists the optimized engine operating 
parameters from the study which used regular diesel fuel. The best emissions results from the 
study are given in Table 2.4. As a highly explorative algorithm, ABC was able to produce 3 very 
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different parameter sets with low emissions values. Similar to that of the PSO-GA study, the best 
two operating points call for high levels of EGR, in excess of 40% [47].  
Table 2.3: Optimized double injection parameters from previous ABC engine optimization 
study  
Engine 
Run 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Fuel 
Ratio. 
(%) 
Fuel 
Pressure 
(MPa) 
EGR 
Rate 
(%) 
Intake 
Gas 
Temp. 
(⁰C) 
65 2.06 19.79 24 164 43 47 
52 8.24 21.88 29 175 46 47 
44 -3.08 20.6 26 183 21 47 
 
Table 2.4: Optimized engine performance results from ABC engine optimization study 
Engine 
Run 
BSNOx 
(g/kW-h) 
BSPM 
(g/kW-h) 
BSFC 
(g/kW-h) 
BSCO 
(g/kW-h) 
BSHC 
(g/kW-h) 
Fitness 
65 1.33 0.08 256.54 3.59 0.33 11.94 
52 1.85 0.05 261.92 3.63 0.38 11.99 
44 2.34 0.02 257.14 2.09 0.25 12.96 
 
 The use of a smaller value of Limit has been suggested for engine optimization where 
minimization of engine tests is desired. The small number of engine tests conducted on poor 
performing solutions make it difficult to replace a food source when limit is set using equation 
2.13 due to the probability component of the onlooker bee phase [48]. The use of a smaller limit 
value (Half Limit) is examined in chapter 3 using benchmark functions. 
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Figure 2.5: Modified ABC algorithm flowchart 
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CHAPTER 3 EXPERIMENTAL SETUP 
 
3.1 Experiment Overview 
 Modified ABC algorithm and CPSO were used to optimize diesel engine fuel injection 
parameters for a constant EGR rate of 38% using triple and quadruple fuel injection routines. 
The triple and quadruple injection routines consist of six and eight design variables respectively. 
In order to minimize the number of experimental tests, a small population size is used. The goal 
of the optimization is to minimize BSFC, BSNO, BSPM, BSCO, and BSHC. A two-factor DOE 
study was also conducted to examine in detail the effects of parameters in a triple injection 
routine. This chapter describes how these algorithms were formulated and tested prior to engine 
testing. Additionally, the engine test cell, data collection tools, and methods are discussed. 
3.2 Algorithm Setup 
Modified ABC algorithm 
 The modified ABC algorithm used in this study is similar to that used by Qiang et al. and 
Ogren. In this work, only one parameter is changed in the employed bee phase as opposed to 
two, and a smaller value of Limit is examined in the following benchmark tests. The value of 
Half Limit is derived using equation 3.1, where the number of foods is equal to half the Colony 
Size. The parameters for the modified ABC algorithm can be found in Table 3.1.  
Table 3.1: Modified ABC algorithm parameters used for benchmark tests 
Colony Size 8 
Dim. 6, 8 
MCN 200 
Limit 24, 32 
Half Limit 12, 16 
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1
(# )( )
2
Half Limit Foods D=  (3.1) 
PSO, CPSO and HCPSO 
 Both CPSO and HCPSO incorporate the BPSO equations developed by Kennedy and 
Eberhart. The PSO parameters can be found in Table 3.2. The values of C1 and C2 are set equal 
similar to previous engine optimization work [37], [39]. A small value of inertia weight is used 
with Vmax clamped relative to the UB.  
 The number of sub-swarms (K) is also examined and is denoted via subscript if the value 
is not equal to the problem dimension. The population size in Table 3.2 refers to both the BPSO 
and individual sub-swarm populations used in the benchmark tests. In Tables 3.1 and 3.2, the 
maximum numbers of algorithm iterations and population sizes are set low to reflect the goal of 
minimizing function evaluations or engine testing. 
 
Table 3.2: BPSO, CPSO, and HCPSO parameters used for benchmark tests 
Population 4 
Dim. 6, 8 
C1, C2 2 
Inertia Weight 0.25 
Vmax 1/2 UB 
K 3, 4, D 
Max Iter 200 
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3.3 Benchmark Tests 
Overview 
 Both CPSO and Modified ABC algorithms were tested using Stablinski-Tang, Rastrigin 
and Ackley benchmark functions shown in Equations 3.2-3.4 respectively. All three benchmark 
functions are multi-modal and are common in optimization literature [38], [40], [42]. Figures 3.1 
and 3.2 show single trial convergence histories for the algorithms. Table 3.3 gives the bounds 
and global minimum values for the benchmark functions. Each algorithm in the benchmark 
testing was run for 200 trials regardless of convergence and tests were repeated 50 times. If an 
iteration occurred where the minimum value had not decreased by at least an Epsilon value of  
10-4 for five trials, the algorithm was noted to have converged at that iteration but allowed to 
keep running to the maximum trial number. 
4 2
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Table 3.3: Benchmark function details 
Function  Dimension Domain Minimum F(x) 
Styblinski-Tang 6, 8 [-5, 5] -234.996, -313.328 
Rastrigin 6, 8 [-5.12, 5.12] 0, 0 
Ackley 6, 8 [-32.768, 32.768] 0, 0 
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Figure 3.1: Minimization of 6-D benchmark functions 
 
 
Figure 3.2: Minimization of 8-D benchmark functions 
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Results 
 Tables 3.4-3.6 give the results of the benchmark tests. The mean number and standard 
deviation of function evaluations to convergence, which are analogous to engine runs, are tallied 
in place of iterations. For the Stablinski-Tang function, BPSO, ABC and ABC Half Limit 
performed comparably well and with fewer function evaluations than the cooperative swarm 
algorithms. In the Rastrigin function test both forms of ABC performed considerably better than 
BPSO in both the six and eight-dimension tests. In the Ackley test, ABC Half Limit and HCPSO 
found the global minimum with the least error, however, HCPSO required an average of almost 
1700 function evaluations in the eight-dimension test. 
 In all six tests of the cooperative swarm algorithms, CPSO3 consistently required the 
fewest mean number of function evaluations with the smallest standard deviation in evaluations. 
CPSO4 did not show a clear advantage over CPSO3 in convergence time or in minimizing the 
benchmark functions. It is possible that CPSO4 would show better relative performance to 
CPSO3 in higher dimensional problems that are not examined here. CPSO3 also performed 
comparable to that of single swarm BPSO. For these reasons, CPSO3 was chosen to be used in 
the triple and quadruple injection tests. ABC Half-Limit performed similarly to ABC in the 
Stablinski-Tang and Rastrigin tests but showed improved performance outside of the standard 
deviation in the Ackley tests. The modified ABC algorithm was therefore used with the half-
limit given by equation 3.1. 
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Table 3.4: Stablinski-Tang benchmark function results after running each algorithm for 50 trials with 200 iterations per trial 
Algorithm 
6-Dimiensions 8-Dimensions 
µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals 
BPSO -204.40 16.29 313.52 63.86 -263.64 22.75 339.44 82.43 
ABC -226.07 11.65 445.14 180.57 -301.71 12.65 537.12 232.49 
ABC Half Limit -231.38 6.73 421.52 194.99 -299.94 14.47 506.50 248.95 
CPSO -197.03 30.21 592.32 175.79 -263.65 42.26 913.28 244.83 
HCPSO -205.47 19.67 781.20 215.91 -271.87 19.60 1115.52 170.62 
CPSO3 -197.80 18.73 492.96 187.60 -244.52 21.49 472.80 190.96 
HCPSO3 -205.17 14.58 688.68 292.46 -259.98 21.76 1045.08 548.06 
CPSO4 -196.08 20.85 617.60 246.37 -248.85 38.13 642.56 285.88 
HCPSO4 -203.46 20.44 963.36 344.33 -259.48 26.42 653.44 257.15 
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Table 3.5: Rastrigin benchmark function results after running each algorithm for 50 trials with 200 iterations per trial 
Algorithm 
6-Dimiensions 8-Dimensions 
µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals 
BPSO 12.96 7.72 341.60 127.10 19.92 9.59 361.52 186.81 
ABC 1.44 2.39 347.16 209.64 2.65 2.72 373.30 207.55 
ABC Half Limit 1.98 1.12 298.90 166.50 3.07 2.12 390.64 237.28 
CPSO 14.58 18.92 652.80 262.24 14.02 10.44 905.60 443.56 
HCPSO 2.75 4.15 1215.36 437.03 7.34 12.79 1657.92 577.40 
CPSO3 16.62 10.26 476.64 247.19 24.68 11.40 503.04 234.79 
HCPSO3 5.51 4.34 749.16 414.72 14.45 7.57 876.96 370.45 
CPSO4 12.84 8.63 531.52 314.72 20.49 14.75 700.80 344.42 
HCPSO4 7.27 4.94 1051.20 463.45 22.70 11.06 728.64 314.69 
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Table 3.6: Ackley benchmark function results after running each algorithm for 50 trials with 200 iterations per trial 
Algorithm 
6-Dimiensions 8-Dimensions 
µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals µ f(x)  σ f(x) 
µ 
function 
evals 
σ 
function 
evals 
BPSO 8.34 4.94 331.28 107.69 9.75 4.02 331.28 95.44 
ABC 1.46 2.06 618.86 289.10 2.66 3.14 566.42 337.20 
ABC Half Limit 0.44 0.84 456.32 270.71 0.90 1.65 513.98 330.67 
CPSO 3.21 4.67 844.80 294.98 4.26 4.94 1173.76 420.25 
HCPSO 0.47 1.20 1196.64 237.86 1.73 4.00 1699.20 656.71 
CPSO3 9.07 4.17 387.36 216.65 12.51 3.64 407.52 209.87 
HCPSO3 4.25 3.68 782.28 336.62 6.98 3.57 863.64 452.48 
CPSO4 7.25 4.85 586.24 253.70 9.91 4.05 552.00 263.86 
HCPSO4 5.16 3.78 954.72 375.31 10.44 4.61 615.36 315.78 
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3.4 Engine Stand Setup 
 A 4.5 liter, four-cylinder, production diesel engine with series turbochargers was used for 
all engine tests. The engine was designed for off-road use, particularly in generators and farm 
equipment. Ultra-low sulfur diesel No. 2 was used for all experimental tests. A General Electric 
DC dynamometer was used to load the engine at constant speed. A diagram of the engine test 
cell is shown in Figure 3.3. Figures 3.4 and 3.5 are photos showing different angles of the engine 
test cell. Exact engine metrics can be found in Table 3.7. The engine used in this work has a 
smaller compression ratio than in previous studies while the bore and stroke are identical [39], 
[47], [48]. The reduced compressions ratio enables the engine package to meet Tier-4 emissions 
requirements with SCR aftertreatment. 
 A small variable geometry turbocharger is used to increase back pressure which in-turn 
drives the EGR system. An EGR throttling valve gives some control in adjusting the air-fuel 
ratio for various manifold pressures. EGR and fresh air mix just before the intake manifold in the 
pre-chamber. The engine additionally features a modified Denso HP6 fuel pump capable of 
producing injection pressures in excess of 300 MPa and the ability to inject fuel up to five times 
per engine cycle. EGR valve position, VGT stator vein position, and fuel injection control was 
accomplished using John Deere ECU interface software DevX. The VGT experiences very high 
temperatures and pressures and is cooled using both city water and oil. 
 Cylinder pressure was measured using an un-cooled and ground insulated 6056A Kistler 
pressure transducer and a Kistler 5010A charge amplifier. Fifty cycles of cylinder pressure data 
were captured and averaged for each test point using a customized Labview program. Cylinder 
heat transfer analysis was conducted using the Woschni correlation between IVC and EVO. 
Injector current to cylinder one was measured using a PDI CA-60 current clamp. Data from the 
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amp clamp was routed through the same high-speed data acquisition system as the cylinder 
pressure trace allowing for real-time verification of injector signals from the ECU.  
 A Horiba MEXA-7100DEGR system was used to measure exhaust emissions and EGR 
rate by sampling CO2 from both the intake and exhaust manifolds. A Bridge 900503 hand-held 
five-gas emissions analyzer was also used as a check to and for some experiments as a 
replacement to the Horiba analyzer. An AVL 415S smoke meter was used to measure soot 
emissions. Gross fuel flow to the engine was measured using a Micro-motion Coriolis mass flow 
meter. Airflow into the engine was calculated using a venturi meter located between the 
turbochargers. Airflow measurements were also checked using the air-fuel ratio computed from 
the exhaust emissions.  
  The Horiba analyzer measures wet exhaust for NO and HC and dry exhaust for CO, CO2 
and O2. Exhaust gas is considered wet, if the water content has not been removed. NO is 
measured using ozone in a chemiluminescence detector (CLD). In the CLD, O3 reacts with NO 
to produce NO2, O2, and light energy. The light emission from the CLD is proportional to the 
amount of NO reactants entering the CLD [49]. FID is used to measure HC emissions. In an FID, 
ions are produced by introducing the sample gas to a hydrogen-air flame. These ions produce 
current at receiving electrodes downstream. The current produced is used to determine to the 
amount of carbon in the exhaust [50]. The Horiba analyzer uses the paramagnetic properties of 
O2 to measure its quantity in the exhaust gas. As sample gas passes through a strong magnetic 
field, the static pressure increases proportionally with the amount of O2 in the gas [51]. CO and 
CO2 are measured using NDIR where the absorption of select bandwidths of infrared light is 
related to the amount of CO and CO2 in the sample exhaust gas [52].  
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 The AVL smoke meter uses paper blackening to determine soot concentration [53]. At 
each experimental point the average of three measurements was recorded. The Bridge analyzer 
measures all emissions dry. NO and O2 are measured using separate, electro-chemical sensors. 
CO2 CO, and HC emissions are measured using NDIR. The resolution of CO and HC (HC based 
on hexane) emissions measurements using the Bridge analyzer were not high enough to 
differentiate between data points due to the small amounts produced in typical diesel combustion 
[54].  
 Pressure transducers were installed on the exhaust and intake manifolds as well as the 
entry to the air-flow venturi. Thermocouples monitored exhaust, EGR, fuel, coolant, and intake 
gas temperatures. The relative humidity of intake air from the next-door room was also recorded. 
Labview was used to monitor and save the relevant engine performance data.  
 
Figure 3.3: Engine test cell diagram 
37 
 
 
 
Figure 3.4: Picture test cell including induction, EGR, and coolant plumbing 
 
Figure 3.5: Picture test cell including dynamometer, DAQ system, intercoolers and 
suspended wire loom 
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Table 3.7: Test engine metrics 
Engine John Deere 4045HFC92, 4-Cylinder, Direct Injection 
Bore x Stroke (mm) 106 x 127 
Total Engine Displacement (L) 4.5 
Compression Ratio 15.5:1 
Valves per Cylinder Intake/Exhaust 2/2 
Firing Order 1-3-4-2 
Aspiration Series Turbochargers VGT and Fixed geometry 
Injection System Common rail with modified Denso HP6 fuel pump 
Injectors Denso G4 Solenoid 
Swirl Ratio 1.8 Rs 
 
3.5 Testing Process: 
Overview 
All data was taken with the engine at steady state and a constant EGR rate of 38%. Each 
testing day, multiple test points were repeated to ensure consistency. The test conditions held 
constant for the triple and quadruple injection testing can be found in Table 3.8. Intake manifold 
temperature was held constant throughout all trials using a custom PID controlled intercooler. 
EGR rate was computed using equation 3.4, where CO2 was sampled in the intake and exhaust 
using the Horiba emissions analyzer. Equation 3.4 includes a correction for atmospheric (atm) 
CO2 concentration. CO2 in the exhaust was also sampled using the Bridge analyzer. Equation 3.5 
shows the conversion from FSN to BSPM given by the AVL smoke meter manual [53] and using 
the conditions of the given load point 
The engine speed chosen corresponds to the peak in the engine’s maximum volumetric 
efficiency and maximum brake torque. EGR rate was held constant to minimize variation 
between tests taken on multiple days. Different fuel injection routines require modification to the 
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VGT and EGR valve controls to maintain a constant air-fuel ratio. As the EGR rate increases it 
can become difficult to maintain a constant air-fuel ratio at all timings. The rate chosen 
represents an amount that could be maintained with constant air-fuel ratio for all possible timings 
given in Tables 3.9-3.13. The engine load corresponds to half the safe dynamometer loading and 
corresponds to previous high injection pressure studies completed in the laboratory [18]. Dwell 
times less than 500 µs were found through experiment to greatly increase PM, HC, and CO 
emissions which is possibly the result of injectors not fully closing between individual injections. 
High rates of EGR can be demanding on the engine lubricant oil due to blow-by. In a 
stock engine package, turbochargers rely on clean engine oil for lubrication and cooling. For the 
experimental engine used, a separate custom oil system was fabricated in-house for the 
turbochargers. Each testing day, the oil was pre-heated and temperature controlled throughout 
operation using the engine coolant in a separate heat exchanger. Oil pressure to the turbochargers 
was maintained at 200-241 kPa for all tests. 
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Table 3.8: Engine testing conditions held constant for all trials 
Engine Load [bar BMEP] 7.5 
Speed [RPM] 1600 
Minimum Dwell Between Injections [µs] 500 
EGR [%] 38 
Air-Fuel Ratio 21.5 ± 0.5 
Intake Temperature [ºC] 78 ± 2 
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Optimization studies 
 Both the modified ABC algorithm, discussed above, and CPSO3 were applied to optimize 
a triple fuel injection strategy. The parameter limits and CPSO subswarm assignments for the 
triple injection optimization can be found in Table 3.9. CPSO3 was further employed to optimize 
a quadruple injection strategy. The parameter limits for the quadruple injection study can be 
found in Table 3.10. Subswarm 1 controls the injection timing. Subswarm 2 controls the quantity 
of fuel going to pilot and post injections while subswarm 3 controls soot oxidation through fuel 
pressure and post injection parameters.  
 The use of ultra-high injection pressures above 200 MPa was unnecessary for the load 
point chosen in this study [18]. Commanded pilot quantities less than 3 mg resulted in no pilot 
signal being sent to the injectors. Pilot and post quantities of 10 mg represent approximately 20% 
the total mass of injected fuel at the load point chosen.  
 Figure 3.6 shows the design variables pictorially where the injected fuel mass is on the Y-
axis. The timing limits in Tables 3.9 and 3.10 represent the limits preset in the ECU control 
software. The use of pilot and post offsets simplifies the optimization problem by incorporating 
the feasibility of the various timings in the parameter limits rather than the objective function. As 
opposed to previous published studies by the author, the use of pilot fuel percentage was 
replaced in the algorithm with absolute quantities. This further reduces the number of required 
engine tests and simplifies the results. 
 Using the parameter limits, the algorithms were used following the flowcharts given for 
modified ABC and CPSO. The general CPSO process is the same regardless of the value of K. 
Emissions and fuel consumption results from each algorithm generation were input to Excel and 
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pulled into Matlab. The objective function, which is discussed in the next section, was used to 
derive the fitness of each test. The algorithms produced a new generation of solutions at each 
iteration. In the case of ABC, each iteration consisted of separate employed and onlooker bee 
runs and evaluations for each iteration with the potential addition of one scout if a food source 
reached the Half Limit value. Algorithm parameters for engine testing with CPSO and ABC were 
the same used in the benchmark tests given in Tables 3.1 and 3.2. 
Table 3.9: Triple injection optimization parameter limits. Subswarm assignment refers to 
CPSO3 only. 
Design Variable Low High Subswarm 
Rail Pressure [MPa] 100 200 3 
Main SOI [CAD BTDC] -7 7 1 
Pilot Offset [CAD] 5 20 1 
Pilot Qty. [mg] 3 10 2 
Post Offset [CAD] 10 30 3 
Post Qty. [mg] 3 10 3 
 
Table 3.10: CPSO3 quadruple injection optimization parameter limits 
Design Variable Low High Subswarm 
Rail Pressure [MPa] 100 200 3 
Main SOI [CAD BTDC] -7 7 1 
Pilot 1 Offset [CAD] 5 14 1 
Pilot 1 Qty. [mg] 3 10 2 
Pilot 2 Offset [CAD] 5 14 1 
Pilot 2 Qty. [mg] 3 10 2 
Post Offset [CAD] 10 30 3 
Post Qty. [mg] 3 10 3 
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Figure 3.6: Example triple and quadruple injection profiles 
DOE study with two factors 
 A full factorial DOE study with two factors was completed using three fuel injections. 
The parameter limits for this work are given in Table 3.11. Every test was repeated once for a 
total of 128 engine tests plus center points. Tables 3.12 and 3.13 together show the complete test 
matrix for this study. A center point was also tested at multiple times as a reference and is 
included at the bottom of Table 3.13 as test 65. The maximum limits for pilot and post injection 
fuel were reduced in this study in response to poor results with large quantities in the 
optimization studies. 
Table 3.11: Triple injection DOE parameter limits 
Design Variable Low  High 
Rail Pressure [MPa] 100 200 
Main SOI [CAD BTDC] -7 7 
Pilot Offset [CAD] 5 20 
Pilot Qty. [mg] 3 7 
Post offset [CAD] 10 30 
Post Qty. [mg] 3 7 
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Table 3.12: DOE test matrix 
Test 
Fuel 
Pressure 
(MPa) 
Main 
SOI 
(CAD 
BTDC) 
Pilot 
Offset 
(CAD) 
Pilot 
Qty. 
(mg) 
Post 
Offset 
(CAD) 
Post 
Qty. 
(mg) 
1 100 -7 5 3 10 3 
2 100 -7 5 3 10 7 
3 100 -7 5 3 30 3 
4 100 -7 5 3 30 7 
5 100 -7 5 7 10 3 
6 100 -7 5 7 10 7 
7 100 -7 5 7 30 3 
8 100 -7 5 7 30 7 
9 100 -7 20 3 10 3 
10 100 -7 20 3 10 7 
11 100 -7 20 3 30 3 
12 100 -7 20 3 30 7 
13 100 -7 20 7 10 3 
14 100 -7 20 7 10 7 
15 100 -7 20 7 30 3 
16 100 -7 20 7 30 7 
17 100 7 5 3 10 3 
18 100 7 5 3 10 7 
19 100 7 5 3 30 3 
20 100 7 5 3 30 7 
21 100 7 5 7 10 3 
22 100 7 5 7 10 7 
23 100 7 5 7 30 3 
24 100 7 5 7 30 7 
25 100 7 20 3 10 3 
26 100 7 20 3 10 7 
27 100 7 20 3 30 3 
28 100 7 20 3 30 7 
29 100 7 20 7 10 3 
30 100 7 20 7 10 7 
31 100 7 20 7 30 3 
32 100 7 20 7 30 7 
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Table 3.13: DOE test matrix continued 
Test 
Fuel 
Pressure 
(MPa) 
Main 
SOI 
(CAD 
BTDC) 
Pilot 
Offset 
(CAD) 
Pilot 
Qty. 
(mg) 
Post 
Offset 
(CAD) 
Post 
Qty. 
(mg) 
33 200 -7 5 3 10 3 
34 200 -7 5 3 10 7 
35 200 -7 5 3 30 3 
36 200 -7 5 3 30 7 
37 200 -7 5 7 10 3 
38 200 -7 5 7 10 7 
39 200 -7 5 7 30 3 
40 200 -7 5 7 30 7 
41 200 -7 20 3 10 3 
42 200 -7 20 3 10 7 
43 200 -7 20 3 30 3 
44 200 -7 20 3 30 7 
45 200 -7 20 7 10 3 
46 200 -7 20 7 10 7 
47 200 -7 20 7 30 3 
48 200 -7 20 7 30 7 
49 200 7 5 3 10 3 
50 200 7 5 3 10 7 
51 200 7 5 3 30 3 
52 200 7 5 3 30 7 
53 200 7 5 7 10 3 
54 200 7 5 7 10 7 
55 200 7 5 7 30 3 
56 200 7 5 7 30 7 
57 200 7 20 3 10 3 
58 200 7 20 3 10 7 
59 200 7 20 3 30 3 
60 200 7 20 3 30 7 
61 200 7 20 7 10 3 
62 200 7 20 7 10 7 
63 200 7 20 7 30 3 
64 200 7 20 7 30 7 
65 150 0 12.5 5 20 5 
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Heat transfer analysis 
 The cylinder heat transfer analysis was conducted using the cylinder pressure data, EGR 
rate, fuel flow rate and intake air flow rate. Still widely used, the Woschni correlation was 
applied to approximate the instantaneous heat transfer coefficient [9]. Equation 3.6 gives the 
general Woschni correlation for hc. The correlation requires that the bore (B) is in meters, the 
instantaneous pressure (P) in kPa, the instantaneous temperature (T) in Kelvin, and the 
instantaneous gas velocity (U) in m/s. Equation 3.7 gives the equation for U when the intake and 
exhaust valves are closed. Variables with subscript ‘r’ refer to the cylinder volume, bulk average 
temperature and pressure at IVC. pU is the mean piston speed given by equation 3.8 where N and 
s are the engine speed and stroke respectively. The variable Pm, is the instantaneous pressure at 
the same crank angle using a motored pressure trace [55]. Through experiment, the exponents in 
equation 3.6 were modified for the engine used in this study to form equation 3.9. IVC for the 
engine occurs at approximately 130 CAD BTDC. 
2 0.2 0.8 0.55 0.8,[ / ] 3.26ch W m K B P T U
− −=  (3.6) 
,[ / ] 2.28 0.00324 mDp r
r r
P PV
U m s U T
V P
−
= +    (3.7) 
,[ / ] 2pU m s Ns=   (3.8) 
2 0.05 0.81 0.58 0.83,[ / ] 3.26ch W m K B P T U
− −=  (3.9) 
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3.6 Objective Function: 
 The objective function given by equation 3.10, was formulated to grade candidate 
solutions for fuel consumption and emissions of NO, PM, HC, and CO. Due to equipment 
limitations, NO2 was not be measured in this work. Diesel engines produce large amounts of soot 
and NOx emissions and there is a recognized trade-off curve in the literature. The objective 
function was formulated to drive the solution towards low NO and Soot conditions while also 
following the expected trade off. A similar form of objective function was developed by [56] and 
used successfully by Theil et al when applying GA to experimental operating parameters of a 
single cylinder Caterpillar engine [30]. This equation was modified to the form of equation 3.10 
by Bertram et al. [37]. Each objective is normalized by its ideal value to keep each term in 
equation 3.10 the same order of magnitude. 
 Ideal values for emissions, other than BSPM, are taken from the EPA Tier-4 off-road 
diesel engine standards given in Table 3.14 [57]. In order to meet the NO emissions requirement, 
additional PM emissions were allowed and the BSNO ideal value is set to half the EPA listed 
BSNOx requirement. An FSN value of 0.75 or a BSPM value of 0.11 g/kW-h was set as the ideal 
value for soot which could potentially be handled passively in a production diesel engine using a 
DPF.  
 Throughout the triple injection optimization using CPSO3, the direct line of the Horiba 
analyzer was under repair and only the AVL and Bridge analyzer were used to measure exhaust 
emissions. Due to the CO and HC resolution of the Bridge analyzer, only NO, FSN and fuel 
consumption were recorded [54]. The Horiba was still was used only for measurement of CO2 in 
the intake manifold which occurs on a separate measurement line. The modified objective 
function for this case is given by equation 3.11. 
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 Similar to that done in [37], equations 3.12 and 3.13 allow for the individual tracking of 
NO and PM emission objectives. Equations 3.14-3.21 show the relevant conversions from 
measured quantities to brake specific values. The conversion for BSPM from the measured FSN 
was shown previously as equation 3.5.  
 Equation 3.16 uses the carbon balance to determine the molar flow rate of wet or dry 
exhaust products. To compute equation 3.16, the plug-in species concentrations must be all on 
the same wet or dry basis. Application of equations 3.14 and 3.15 allow for the conversion of wet 
to dry concentrations or vice versa. As the dry water content is not a measurable value, it is 
computed using equation 3.14 [9]. An adjusted MW for NO was used which is equal to the 
average MW of NO and NO2. NO2 was produced by the engine but could not be measured. 
 The level of relative humidity and the temperature of fresh intake air will affect engine-
out NOx emissions. Increased fresh ambient air temperatures will increase NOx, while increased 
water vapor in the intake will have a cooling effect; reducing NOx. NO emissions were corrected 
for variations in intake air conditions using a KNOx correction factor for turbocharged diesel 
engines from the literature and given by equation 3.21. In equation 3.21, T is the intake air 
temperature in Celsius and H is the mixing ratio with units of g H2O per kg of dry air [58].  
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Table 3.14: Engine performance goal values, all units are in g/kW-h 
Design Objective [g/kW-h] EPA Tier 4 Ideal Value 
BSNO 0.4 0.2 
BSPM (FSN) 0.02 (0.16) 0.11 (0.75) 
BSCO 5 5 
BSHC 0.19 0.19 
BSFC NA 200 
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3.7 Error Analysis 
 Table 3.15 gives the manufacturer listed measurement repeatability for the emission 
analyzers used for this dissertation [53], [51], [50], [49], [52], [54]. Repeatability for the 
thermocouples and humidity sensor are given by references [59] and [60] respectively. Equations 
3.14-3.21 were differentiated with respect to each measured variable. The overall uncertainty for 
each equation is than equal to the square root of the sum of squares for the products of each PDE 
and corresponding measurement uncertainties. An example of this is given below in equation 
3.22. Using equation 3.22, the uncertainty in (based on the repeatability) the objective values for 
equations 3.10 and 3.11 can be found [61]. Objective values refer to the corresponding individual 
terms in the fitness equations.  
 The overall uncertainties, found using the PDE’s for each objective, are given in Table 
3.16. Using the Horiba bench for all emissions yields the smallest overall uncertainty values. At 
first glance the uncertainty value for BSFC appears high, however, considering the scale of 
BSFC compared to the other objectives, the found value is reasonable. The use of the bridge 
analyzer for BSNO increased the uncertainty by a small amount. When applying equation 3.11, 
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only dry exhaust CO2 is measured using the Bridge analyzer when computing equation 3.16. 
Using equation 3.11 with the Bridge analyzer yields the highest uncertainty. 
 
Table 3.15: Repeatability of devices used to compute the objective function 
Equipment Repeatability 
Horiba Mexa 7100DEGR CO2/CO/O2/THC/NO ± 0.5% 
Bridge 900503 CO2/CO/O2/THC/NO ± 3.0% 
AVL 415S smoke meter ± 1.5% 
Micro Motion Coriolis mass flow meter ± 0.2% 
Honeywell H7635B humidity sensor ± 3.0% 
K-type ANSI standard thermocouples ± 2.2 ºC 
 
2
obj
obj
F obj
F
U U
obj
 
=  
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
  (3.22) 
Table 3.16: Final uncertainty values 
Objective Uncertainty Units 
BSNO 0.0181 g/kW-h 
BSNO (Bridge Analyzer) 0.0230 g/kW-h 
FSN 0.0797 NA 
BSFC 0.5353 g/kW-h 
BSCO 0.0459 g/kW-h 
BSHC 0.0036 g/kW-h 
Eqn 3.10 0.1025 NA 
Eqn 3.10 (Bridge Analyzer NO) 0.1153 NA 
Eqn 3.11 (Bridge Analyzer NO and CO2) 0.1565 NA 
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CHAPTER 4 RESULTS AND DISCUSSION 
 
4.1 Triple Injection Optimization with ABC 
Fitness evolution 
 The triple injection optimization with ABC algorithm consisted of 201 total engine runs 
and 24 algorithm generations. Due to technical issues with the Horiba emissions analyzer, NO 
emissions were recorded using the Bridge Analyzer for all ABC tests. The evolution of overall, 
NO and FSN fitness can be found in Figures 4.1 and 4.2. Tables 4.1 and 4.2 give the parameter 
settings and experimental results for the best eight solutions. A majority of entries in Table 4.2 
meet the EPA Tier-4 requirement for NO, CO, and HC’s. Most FSN values are near or below 1.  
 Convergence to a late main SOI increased BSFC, as a majority of the fuel burns after 
TDC. Post injected fuel and pilot fuel quantities converged to small values. The minimum fitness 
was achieved in generation 21, with 40% reductions in BSNO and FSN at the expense of a 2% 
increase in fuel consumption. Large increases in BSHC and BSCO were also observed in later 
generations, but these values largely remained below the Tier-4 limit as can be seen in Tables 4.1 
and 4.2. Entries in Tables 4.1 and 4.2 differ mainly by pilot timing and fuel pressure. The 
solution area of best parameter settings had been found by generation 21 after 176 total engine 
runs. Using ABC, the best solutions maintain some diversity in overall fitness with differences 
between test points still greater than the uncertainty given for equation 3.10 in Table 3.16. 
 Figure 4.3 shows the evolution of minimum values of equations 3.10, 3.12, and 3.13. 
Following the initial generation, from generation 1 to 16, the algorithm did not improve overall 
fitness. While equations 3.12 and 3.13 did improve, the algorithm only views improvement as a 
decrease in the value of equation 3.10. 
 
 
 
5
2
 
 
Figure 4.1: Evolution of fitness values for overall, NO, and FSN from ABC triple injection optimization 
 
 
 
 
 
5
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Figure 4.2: Evolution of fitness values for overall, NO, and FSN from ABC triple injection optimization 
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Table 4.1: Best triple injection parameters from ABC optimization 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
-7.00 11.94 3.00 -22.23 4.73 179 
-7.00 13.00 3.00 -22.23 4.73 168 
-7.00 11.94 3.00 -22.23 4.73 162 
-7.00 10.51 3.00 -22.23 4.73 162 
-7.00 13.00 3.00 -22.23 4.73 179 
-7.00 12.11 3.00 -21.60 4.73 162 
-7.00 12.11 3.00 -22.23 4.73 162 
-7.00 13.00 3.00 -22.23 4.73 162 
 
Table 4.2: Performance results using best triple injection parameters from ABC 
optimization 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
BSCO 
(g/kW-h) 
BSHC 
(g/kW-h) 
Fitness 
0.33 0.76 249 0.86 0.18 2.70 
0.27 1.04 253 1.09 0.15 2.70 
0.31 0.81 250 0.87 0.17 2.67 
0.26 0.95 250 1.00 0.20 2.65 
0.25 1.02 253 1.11 0.14 2.58 
0.27 0.85 249 0.99 0.17 2.54 
0.26 0.83 248 0.95 0.16 2.46 
0.24 0.86 246 0.97 0.14 2.38 
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Figure: 4.3: Minimum values of equations 3.10, 3.12 and 3.13 
 
Combustion analysis 
 The combustion analysis for this and the following sections assigns a bulk average 
temperature for each crank angle using the cylinder pressure trace, calculated trapped mass, a 
constant ratio of specific heats and the ideal gas law. Using the first law of thermodynamics for a 
closed system, equation 4.1 can be derived for the heat release rate from the burning fuel to the 
in-cylinder gases.  
 The cylinder heat loss (HL) term is computed using the Woschni correlation discussed in 
chapter 3 and the instantaneous exposed cylinder wall area. The derivative terms in equation 4.1 
are computed using three-point forward differences. Equation 4.2 relates the heat release rate to 
the mass of fuel injected, LHV, and the change in mass fraction burned with crank angle. By 
combining equations 4.1 and 4.2 and integrating, the burned fraction of the injected fuel with 
crank angle can be found. Points of interest include where 10%, 50% and 90% of the fuel has 
been burned also known as CA10, CA50 and CA90. Start of combustion (SOC) was found using 
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the crank angle where equation 4.1 is greater than zero. For all other points in the combustion 
process the mass fraction burn was used. Given the number of variables involved, the burn 
angles provide a more straightforward means of comparing and examining trends between 
operating points. 
1
1 1
ndQ dV dPP V HL
d d d  

= + +
 −  −
    (4.1) 
n b
fuel
dQ dx
m LHV
d d 
=    (4.2) 
 The HRR and cylinder pressure are shown in Figure 4.4 for the best test points from 
select algorithm generations. Tables 4.3 and 4.4 give the parameter settings and experimental 
results for tests in Figure 4.4. Each of the heat release rate curves display three distinct peaks 
associated with pilot, main and post fuel combustion. Interaction between the pilot and main 
combustion is observed for generations 5 and 11 but not for 17 and 23. The early pilots of the 
later generations completely burn before TDC. 
 Figure 4.5 shows the SOC on the left and the middle of combustion (CA50) versus fitness 
for the best test points from select generations. To reduce the objective function, ABC algorithm 
produced solutions which advanced SOC while retarding CA50. This observation is confirmed 
through observation of Figure 4.4 where the bulk of the heat release rate curve is more advanced 
for generation 5. Generations 5 and 11 have a late SOC, but the pilots are near TDC where 
ignition delay is shortest. The larger pilots of 5 and 11 take oxygen away from the main injection 
burn and do not have much time to premix, leading to increased FSN values. 
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Figure 4.4: Cylinder pressure and HRR for best foods of select generations 
 
Table 4.3: Parameter settings test points in Figure 4.4 
Gen 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
5 -7.00 2.44 8.82 -30.25 6.97 178 
11 -6.60 -0.76 6.69 -19.11 3.38 113 
17 -7.00 11.94 5.45 -20.93 4.73 162 
23 -7.00 13.00 3.00 -23.08 4.73 162 
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Table 4.4: Performance results for test points in Figure 4.4 
Gen 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
BSCO 
(g/kW-h) 
BSHC 
(g/kW-h) 
Fitness 
5 0.34 1.24 248 1.37 0.22 3.28 
11 0.37 1.68 254 1.40 0.18 3.75 
17 0.28 1.33 247 0.91 0.14 2.97 
23 0.24 1.18 255 1.24 0.15 2.74 
 
 
 
 
Figure 4.5: SOC and CA50 for best foods of select generations given by the plot legend 
(right) 
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Emissions trends 
 In this section, the effects of SOC and CA50 on BSFC and emissions are examined. 
Figures 4.6 and 4.7 display all the emissions data from the ABC optimization study. The title of 
each plot gives the correlation coefficient between SOC or CA50 and the corresponding 
objective.  
 When using the convention of BTDC, early injections have a large value while late 
injections have a small or negative value. As observed in a previous study by the author [18], the 
data show a strong positive correlation for late main injection timings with soot and NO 
emissions. SOC also has a moderate positive correlation with NO but is weak with regard to 
FSN. As the timing of CA50 is retarded, air and fuel have more time to premix before 
combustion resulting in reduced soot formation and lower FSN. Simultaneous decreased FSN 
and BSFC are achieved with early SOC near 10 CAD BTDC with small pilot quantity. A small 
pilot can vaporize and premix quickly while taking less oxygen away from the main injection. 
SOC before 10 CAD BTDC may result in some wall wetting which will increases FSN. As 
shown in Figure 4.4, the small early pilot of generation 23 burns completely before main 
injection combustion with a comparatively lower HRR. 
 As expected, BSFC is negatively correlated with SOC and CA50. With additional data, 
an exponential trend may be more appropriate for BSFC/SOC due to the need to compress 
combustion gasses from early pilot injections. No strong correlations are observed with BSCO or 
BSHC. A moderate, negative correlation exists between BSHC and CA50. As the ignition delay 
increases, more fuel potentially becomes overlean [19]. 
60 
 
 
 
 
Figure 4.6: SOC and CA50 vs NO and FSN. The title of each subplot is the correlation 
coefficient. 
 
Figure 4.7: SOC and CA50 vs BSFC, BSCO, and BSHC. All are in units of g/kW-h. The 
title of each subplot is the correlation coefficient. 
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4.2 Triple Injection Optimization with CPSO 
Fitness evolution 
 A total of 84 engine tests were completed with the triple injection optimization using 
CPSO3. Each generation of CPSO3 consisted of twelve engine tests with four for each subswarm 
as assigned in Table 3.9. Figure 4.8 shows the evolution of overall, NO and FSN fitness given by 
equations 3.11-3.13. The algorithm appeared to stagnate after generation 3 with little diversity 
between individual particles.  
 The best tests from the experiment are given in Tables 4.5 and 4.6, which also show the 
similarity between particles. Due to technical issues with the Horiba, BSHC and BSCO data 
could not be recorded for these tests. Figure 4.9 shows the evolution of minimum fitness with 
generation. The minimum overall fitness (bottom of Tables 4.5 and 4.6) was achieved in the 
initial generation with some progress in later generations toward NO emissions improvement 
only. The best test point belongs to subswarm-two which only contributed pilot injection 
quantity to the context vector. It was therefore not able to pass information about injection timing 
or post quantity to other swarms. The pilot quantity of 7.62 mg can be seen in other tests in Table 
4.5. Further, because of this early result in subswarm-two, no new pilot quantities with 
progressing injection times could achieve a better fitness value, thus preventing the subswarm-
two global best parameter from changing. 
 In contrast with the ABC optimization, the pilot injections for the later stages of CPSO3 
are larger and occur at earlier crank angles. Except for the best case, the main injection is more 
advanced resulting in reduced ignition delay and potentially increased FSN. Large, late post 
injections move the heat release away from TDC. This situation reduced BSNO at the expense of 
increased BSFC and FSN.  
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Figure 4.8: Evolution of fitness values for overall, NO, and FSN from CPSO3 triple 
injection optimization 
 
Figure 4.9: Minimum values of equations 3.11-3.13 
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Table 4.5: Best triple injection parameters from CPSO3 triple injection optimization 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
-3.94 16.06 7.62 -33.94 10.00 172 
-3.94 16.06 7.62 -33.94 10.00 170 
-3.94 16.06 7.62 -33.94 10.00 171 
-3.94 16.06 3.34 -33.94 10.00 171 
-4.02 15.98 7.62 -34.02 9.83 168 
-3.94 16.06 6.44 -33.94 9.83 168 
-3.25 16.75 3.31 -33.25 9.34 163 
-3.94 16.06 7.62 -33.94 9.83 168 
-3.94 16.06 3.81 -33.94 10.00 171 
-6.27 11.02 7.62 -21.09 5.69 181 
 
Table 4.6: Performance results for the best triple injection parameters from CPSO3 triple 
injection optimization 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
Fitness 
0.33 1.77 256 3.30 
0.34 1.71 254 3.27 
0.35 1.67 255 3.26 
0.26 1.87 262 3.25 
0.32 1.73 254 3.23 
0.30 1.78 256 3.23 
0.32 1.68 256 3.19 
0.34 1.63 253 3.18 
0.27 1.76 259 3.14 
0.39 1.15 243 2.88 
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Combustion analysis 
 The HRR and cylinder pressure from the best test points of the initial and select 
following generations of CPSO3 are shown in Figure 4.10. Tables 4.7 and 4.8 list the operating 
parameters and experimental results associated with Figure 4.10. The close-coupled post 
injection of the initial generation reduces soot and BSFC with increased NO emissions. The large 
post injections used in later generations increase the net soot [25]. Small, early pilot combustion, 
similar to that found with ABC, is observed in generation 6, however the soot from the large post 
injection is detrimental to the solution fitness. As in the ABC study, the pilot injections burn 
separately from the main injection. 
 
 
Figure 4.10: Cylinder pressure and HRR for best particles of select generations of CPSO3 
triple injection optimization. 
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Table 4.7: Parameter settings for test points in Figure 4.10 
Gen 
Main 
Injection 
Timing 
(BTDC) 
Pilot  
Timing 
(BTDC) 
Pilot 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
Initial -6.27 11.02 7.62 -21.09 5.69 181 
2 -2.33 17.59 7.62 -32.33 9.34 163 
4 -3.94 16.06 7.62 -33.94 9.83 168 
6 -3.94 16.06 3.81 -33.94 10.00 171 
 
Table 4.8: Performance results for test points in Figure 4.10  
Gen 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
Fitness 
Initial 0.39 1.15 243 2.88 
2 0.39 1.93 252 3.64 
4 0.34 1.63 253 3.18 
6 0.27 1.76 259 3.14 
 
4.3 Quadruple Injection Optimization with CPSO 
Fitness evolution 
 A total of 120 engine tests were completed with the CPSO3 quadruple injection 
optimization. The overall fitness evolution, including CO and HC emissions, is shown in Figure 
4.11 along with the corresponding NO and FSN fitness values. Great improvement in the fitness 
was observed from generations 4 to 6. Compared to the best operating point in the initial 
generation, 12% and 9.5% reductions in FSN and BSCO were achieved for the same BSNO, 
BSFC, and BSHC.  
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 Overall fitness was minimized in generation 6 after 84 engine runs. Points in generations 
7-9 explored the improved design space and are very similar. Tests were stopped when the 
algorithm could no longer produce unique parameter sets as in the previous (less successful) 
CPSO3 experiment. Tables 4.9 and 4.10 show the parameter settings and experimental results for 
the best eight engine tests. The algorithm converged to the maximum fuel pressure, minimum 
pilot 1 and post offset, and maximum pilot 2 offset.  
 The tests in Tables 4.9 and 4.10 are equivalent based on the uncertainty in calculating the 
objective function (equation 3.10). NO was measured using the Bridge analyzer for these tests. 
BSNO, BSCO, and BSHC are within the Tier-4 limits and FSN is below 1 for all test points in 
Table 4.10. In contrast to the triple injection optimization with CPSO3, the global best parameter 
settings of each subswarm change form the initial generation, allowing the complete solution to 
evolve as the context vector improved. 
 Referring to Figure 3.6, pilot 2 occurs before pilot 1.  High fuel pressure and a small 
liquid mass aided in premixing pilot 2 with in-cylinder air. Interestingly, the large post injections 
do not appear to have an adverse effect on FSN as in the triple injection case. This is potentially 
due to the close-coupling of the post with the main injection and the increased fuel pressure. 
 The optimized BSFC and BSCO values are lower in the quadruple injection case than 
those found with the triple injection work. Figure 4.12 shows the evolution of best minimum 
fitness values. Global best NO remained constant while FSN and overall objective value 
decreased. Optimized FSN and BSHC values are similar to that found with triple injections. 
Optimized BSNO is relatively higher with four injections. The following analysis examines the 
cylinder pressure traces to uncover potential causes for these emissions results. 
 
 
 
6
7
 
 
Figure 4.11: Evolution of fitness values for overall, NO, and FSN from CPSO3 quadruple injection optimization 
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Table 4.9: Best operating parameters from CPSO3 quadruple injection optimization 
Main 
Injection 
Timing 
(BTDC) 
Pilot 1  
Timing 
(BTDC) 
Pilot 1 
Qty. 
(mg) 
Pilot 2  
Timing 
(BTDC) 
Pilot 2 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
-7.00 -2.00 5.86 12.00 3.80 -17.00 9.91 200 
-7.00 -2.00 6.04 12.00 3.74 -19.07 7.63 200 
-7.00 -2.00 6.83 12.00 3.89 -17.00 9.91 200 
-7.00 -2.00 6.29 12.00 3.62 -19.07 7.63 200 
-7.00 -2.00 6.12 12.00 3.67 -17.00 9.91 200 
-7.00 -2.00 5.61 12.00 3.61 -17.00 9.91 200 
-7.00 -2.00 5.95 12.00 3.79 -19.07 7.63 200 
-7.00 -2.00 5.95 12.00 3.79 -17.00 9.91 200 
 
Table 4.10: Performance results for the best operating parameters from CPSO3 quadruple 
injection optimization 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
BSCO 
(g/kW-h) 
BSHC 
(g/kW-h) 
Fitness 
0.37 0.94 242 0.74 0.15 2.97 
0.38 0.90 242 0.72 0.16 2.97 
0.38 0.91 240 0.71 0.15 2.96 
0.38 0.91 241 0.70 0.15 2.96 
0.37 0.91 243 0.74 0.16 2.95 
0.37 0.90 242 0.77 0.15 2.94 
0.37 0.92 242 0.72 0.15 2.94 
0.37 0.87 243 0.73 0.15 2.91 
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Figure 4.12: Minimum values of equations 3.10, 3.12 and 3.13 
 
Combustion analysis 
 The peaks from the combustion of four discrete diesel injections can be observed in the 
HRR and cylinder pressure plot of Figure 4.13. Tables 4.11 and 4.12 list the parameter settings 
and the associated experimental results for the best engine runs of the initial, 3rd, 6th and final 
generation. 
 As discussed above, generations 6 and 9 are very similar. In all four cases, the early pilot 
(pilot 2) burns completely with a short ignition delay, while pilot 1 is in the diffusive stage of 
combustion as the main injection begins to burn. In later generations, pilot 2 evolves to be nearly 
half the size of pilot 1. Compared to Figures 4.4 and 4.10, the peak cylinder pressure and HRR 
are reduced with quadruple injections in generations 6 and 9.  
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Figure 4.13: Cylinder pressure and HRR for best particles of select generations. Note that 
pilot 2 timing in Table 4.11 corresponds to the first HRR peak. 
 
 
Table 4.11: Parameter settings for test points in Figure 4.13 
Gen 
Main 
Injection 
Timing 
(BTDC) 
Pilot 1  
Timing 
(BTDC) 
Pilot 1 
Qty. 
(mg) 
Pilot 2  
Timing 
(BTDC) 
Pilot 2 
Qty. 
(mg) 
Post 
Timing 
(BTDC) 
Post 
Qty. 
(mg) 
Fuel 
Pressure 
(MPa) 
Initial -6.73 -1.68 7.76 9.27 5.73 -19.16 7.19 195 
3 -5.09 0.71 9.59 14.71 3.79 -17.52 7.19 195 
6 -7.00 -2.00 7.46 12.00 3.97 -19.07 7.63 200 
9 -7.00 -2.00 7.06 12.00 3.92 -17.00 9.91 200 
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Table 4.12: Performance results for test points in Figure 4.13 
Gen 
BSNO 
(g/kW-h) 
FSN 
BSFC 
(g/kW-h) 
BSCO 
(g/kW-h) 
BSHC 
(g/kW-h) 
Fitness 
Initial 0.39 1.45 245 0.71 0.16 3.46 
3 0.44 1.44 235 0.62 0.13 3.59 
6 0.39 0.92 241 0.64 0.15 3.02 
9 0.40 0.89 243 0.69 0.16 3.04 
 
 
Emissions trends 
 The emissions trends for all data recorded in the quadruple injection optimization are 
shown in Figures 4.14 and 4.15. Strong positive correlations are observed for NO, CO, and FSN 
with both CA50 and SOC. Very high levels of soot were observed with early SOC and CA50. 
Compared to the triple injection studies, the BSFC trends are not as clear in Figure 4.15 and 
maximum BSNO values are lower in Figure 4.14. The BSFC vs SOC data plot forms a convex 
pattern with a minimum near 11 CAD BTDC. Very early SOC was beneficial in reducing BSHC 
but not FSN, BSCO, or BSNO. BSCO and FSN follow similar trends as they are both dependent 
on air-fuel mixing. Increasingly early pilot injections can wet the cylinder walls which results in 
large amounts of engine out soot and increased NO due to the increased temperatures with early 
combustion.  
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Figure 4.14: SOC and CA50 vs NO and FSN. The title of each subplot is the correlation 
coefficient. 
 
Figure 4.15: SOC and CA50 vs BSFC, BSCO, and BSHC. All are in units of g/kW-h. The 
title of each subplot is the correlation coefficient. 
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4.4 Comparison of Optimized Triple and Quadruple Injection Strategies 
 In this section, the optimized triple and quadruple injection combustion results are 
compared. Due to the limited amount of data and poor performance results, the CPSO3 triple 
injection data is omitted from the analysis. Figures 4.16 and 4.17 show BSNO and FSN for all 
tests in the triple and quadruple optimizations. In these plots and those that follow, the 
explorative nature of the ABC algorithm (blue squares) relative to CPSO3 (red circles) is evident. 
Generally, it can be observed that the heat release is slower for the quadruple injection cases with 
many test points near the BSNO and FSN ideal values. Triple injections have a later CA10 which 
is associated with lower NO emissions but no advantage in reducing FSN. The shorter and later 
burn of the triple injection schedule allows for lower BSNO emissions. 
Combustion phasing 
 Figures 4.18-4.20 show only tests with an overall fitness (equation 3.10) value less than 
4. Both algorithms find multiple solutions that simultaneously meet the Tier-4 NO mandate with 
FSN below 1. For both algorithms/injection schemes, CA50 centers between 20 and 25 CAD 
BTDC to minimize FSN and BSNO values.  
 Optimized quadruple injections display similar minimum FSN and BSCO with lower 
BSFC to that of triple injections. BSHC is generally the same for three and four-injection 
schedules and increases slowly as combustion phases to later crank angles. The improvement in 
BSFC with four injections is due to the combustion of pilot 1, which occurs just after TDC in the 
optimized tests. Combustion near TDC reduces the amount of heat rejected at blowdown and via 
heat transfer through the cylinder walls. BSCO remains low in the optimized four-injection tests 
due to the clustering of CPSO and the longer burn time which improves air-fuel mixing. At the 
same time the longer burn increases BSNO relative to the triple injection tests.  
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Figure 4.16: Triple vs quadruple injection optimization. BSNO from all tests with CA10, 
CA50, and burn angle. 
 
Figure 4.17: Triple vs quadruple injection optimization. FSN from all tests with CA10, 
CA50, and burn angle. 
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Figure 4.18: Triple vs quadruple injection optimization. BSNO from best cases with CA10, 
CA50, and burn angle. 
 
Figure 4.19: Triple vs quadruple injection optimization. FSN from best cases with CA10, 
CA50, and burn angle. 
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Figure 4.20: Triple vs quadruple injection optimization BSFC, BSCO and BSHC from best 
cases with CA10, CA50, and burn angle. All are in units of g/kW-h.  
Cylinder pressure 
 Here, the maximum cylinder pressure and maximum cylinder pressure rise rates vs 
BSNO results are examined. The pressure rise rate is solved for using a three-point forward 
difference of the pressure trace. Figure 4.21 displays the results for those test points whose 
fitness (equation 3.10) is less than 4. The maximum cylinder pressure is comparatively lower for 
the optimized quadruple injection case with a generally similar pressure rise rate.  
 To expand the analysis, the common SOC of 9 CAD is isolated from all the data (not just 
the best points) and plotted in Figure 4.22. For the same SOC, both the maximum pressure, and 
rise rate are lower for quadruple injections. While decreased maximum pressure and rise rates 
may be beneficial for engine power density and noise they do not show any benefit in reducing 
BSNO in the limited cases of Figures 4.21 and 4.22.  
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Figure 4.21: Triple vs quadruple injection optimization BSNO versus maximum cylinder 
pressure and maximum pressure rise rate for best cases. 
 
Figure 4.22: Triple vs quadruple injection optimization BSNO versus maximum cylinder 
pressure and maximum pressure rise rate for SOC = 9 CAD BTDC. 
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4.5 DOE Study 
 A full-factorial DOE study was completed to examine the effects of the six variables 
involved in the triple injection optimization. A DOE study was not completed for the four-
injection routine as this would have required too many engine tests (256 using equation 2.5 and 
excluding repeats and center points). The design variable assignments A, B, C, D, E, and F are 
given in Table 4.13. Single, double, and triple variable interactions were examined. Figures 4.23-
4.26 display the half-normal probability of the design variables, with interactions, for each 
objective. The half-normal plot shows the absolute values of the effects. Variables that fall to the 
right of a general trend line have the greatest effect on the objective. 
Table 4.13: DOE design variable assignment 
DOE 
Variable 
Design Variable 
A Main SOI [CAD BTDC] 
B Pilot Offset [CAD] 
C Pilot Qty. [mg.] 
D Post Offset [CAD] 
E Post Qty. [mg.] 
F Fuel Pressure [MPa] 
 
Variable effects on emissions 
 Both FSN and NO are strongly affected by main SOI, which is the predominant 
controller of CA50 due to its large fuel volume. Fuel pressure, a large driver in determining the 
HRR, is also very important to both objectives in Figure 4.23. Pilot offset, an important variable 
for NO, determines SOC, and in part, the interaction mode the pilot combustion will have with 
the main injection. Together, fuel pressure and main SOI control the amount of fuel premixing 
which drives their large interaction effect on FSN. Figure 4.23 does not capture the large soot 
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reduction effects of post injection observed in previous studies which may be due to the large 
difference between the minimum and maximum design variable values chosen for the DOE 
study in Table 3.11. A smaller search space would be needed to capture the post injection effect 
observed in [18] for the same load point and similar EGR rate. 
 Several single and interaction variables are shown to be important to BSCO, BSHC, and 
BSFC in Figure 4.24. As CO and FSN are both related to air-fuel mixing, it is not surprising to 
see similar key variables for BSCO. BSHC is shown to be a most affected by variables that drive 
CA50. BSFC is the only performance output with a triple interaction variable having a large 
effect. The combination ABF will determine SOC and in part the interaction between the pilot 
and main injection. A large post offset decreases the work contribution from the post injection 
and increases BSFC. 
 
Figure 4.23: BSNO and FSN half-normal probability of design variable effects 
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Figure 4.24: BSCO, BSHC, and BSFC half-normal probability of design variable effects 
 
Variable effects on combustion phasing 
 Figures 4.25 and 4.26 show the most relevant variables affecting combustion phasing and 
cylinder pressure histories. Again, main SOI and fuel pressure play important roles in the plots. 
As could be expected, a large number of interaction variables with pilot offset determine SOC. 
As post offset increases, the main injection becomes larger to compensate which will increase 
the maximum pressure rise rate. The results of this section show that future triple injection 
optimization could limit the design variables to the main injection pressure, pilot offset, and fuel 
rail pressure when focusing on NO, FSN, BSFC, and combustion phasing. 
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Figure 4.25: Design variable effects on SOC, CA10, and CA50 
 
Figure 4.26: Design variable effects on Ө burn, maximum cylinder pressure, and maximum 
cylinder pressure rise rate 
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CHAPTER 5 CONCLUSION 
 
5.1 Key Results 
 ABC and CPSO3 successfully optimized multiple injection schedules to meet EPA Tier-4 
emissions mandates for BSNO, BSCO, and BSHC at a constant EGR rate of 38%. The 
explorative nature of ABC provides a wide array of data about the search space at the expense of 
experimental time. While successful at the quadruple injection optimization, CPSO3 failed to 
reduce the objective function for the triple injection case. CPSO3 optimized a four-injection 
routine in half as many engine tests as the ABC triple injection optimization which was stopped 
due to reaching the MCN. In meeting the emissions objectives, the BSFC goal of 200 g/kW-h 
was not reached by any operating points tested and may be infeasible at the chosen load 
conditions and EGR rate. 
 The optimized triple and quadruple injection routines similarly display late centers of 
combustion which is a result of late main injection timings. Optimized SOC’s start before TDC 
with early pilot injections that burn without interaction with later injections. The second pilot and 
associated increased burn duration of quadruple injections is beneficial for BSCO and BSFC 
while increasing NO emissions relative to the best triple injection cases. Optimized quadruple 
injections display decreased maximum cylinder pressures and cylinder pressure rise rates which 
may be beneficial for noise reduction. 
  Results of the two-factor, triple injection DOE testing show main SOI, pilot offset, and 
fuel pressure have large effects on all objectives with limited contributions from variable 
interactions for NO and FSN. Further, the combustion phasing is also shown to be strongly 
influenced by the same variables. While the DOE testing was valuable in showing which 
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variables had key influences over the objectives, it was not yet detailed enough to provide a 
differentiable model or find improved operating conditions. In order to do this, more center 
points would be needed to solve for a first gradient [29]. CPSO improved a four-injection routine 
to meet emissions targets in only 20 more tests than the triple injection DOE study. While 
stochastic algorithms will have some variation in time-to-convergence and can even fail in some 
cases, this achievement is considerable. 
 New engine technologies are giving the ECU ever increasing control over the in-cylinder 
processes to reduce engine-out emissions while maintaining low fuel consumption. While DOE 
is valuable in studying the exact effects of a small number of control variables, it may not be the 
best option for testing the full suite of controls on a production engine. CPSO requires no 
derivative information and can rapidly drill down to at least a local minimum in the design space. 
Using CPSO, the full design space can be searched without filtering out small variables (as is 
commonly done in DOE) which could have greater impact when the algorithm begins to 
converge. ABC can be used as a tool to explore small design spaces after a more exploitive 
algorithm has been used. 
5.2 Future Work 
 Further development is needed to improve CPSO to allow for hill climbing. While the 
HCPSO algorithm was successful in benchmark testing, it required many more function 
evaluations (potential engine tests) than CPSO. It may be beneficial to seed CPSO with some 
known operating points as opposed to a random initialization. With careful formulation of the 
design space bounds, CPSO could be applied to optimize fuel blending in RCCI modes. 
84 
 
 
 Autonomous optimization should be examined using fully assembled diesel powertrains 
while focusing on soot and NOx emissions. Real-time soot emissions can be measured using the 
rate of change in pressure across the DPF, microwave systems or with a resistive soot sensor 
upstream of the DPF. A combination of sensors upstream and at the DPF itself may be necessary 
to capture low levels of engine-out soot which will not greatly increase the pressure difference. 
Further, DPF load monitoring will require an exhaust temperature correction to improve 
accuracy [62]. NOx sensors are already standard in Tier-4 aftertreatment packages. The use of 
simple indicators outside of a laboratory setting, which will sacrifice some accuracy, could allow 
for the collection of a larger quantity of data in less time. 
  On-site optimization is useful in varying climates and load conditions which will affect 
emissions performance in potentially unforeseen ways. Connected vehicles or machines in the 
same area could share optimized parameters or even work in parallel to continually improve 
performance.  
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